Abstract-Early intervention and intensive therapy improve the outcome of neuromuscular rehabilitation. There are indications that where a patient is motivated and premeditates their movement, the recovery is more effective. Therefore, a strategy for patient-cooperative control of rehabilitation devices for upper extremities is proposed and evaluated. The strategy is based on the minimal intervention principle allowing an efficient exploitation of task space redundancies and resulting in user-driven movement trajectories. The patient's effort is taken into consideration by enabling the machine to comply with forces exerted by the user. The interaction is enhanced through a multimodal display and a virtually generated environment that includes haptic, visual and sound modalities.
INTRODUCTION
Major disabilities require extensive rehabilitation programmes in order to treat disabled persons and prepare them for independent living. Cerebral vascular accidents such as ischemia and hemorrhagic stroke are considered the leading causes of disability with a prevalence of about 140 per 10 000 persons. Motor recovery after stroke or other pathologies is a dynamic process that usually starts with a total incapacity to move the affected limb and is followed by development of some imprecise movements. After some time these movements become more precise, but stiffness and involuntary movements may hamper the recovery process. Early intervention and intensive therapy improve the outcome of people recovering from traumatic brain or spinal cord injuries [1 -3] .
State-of-the-art in motor rehabilitation
In a review article, Woldag and Hummelsheim [2] analyze the evidence-based physiotherapeutic concepts for improving arm and hand function in post-stroke patients. They note that the benefit of therapeutic strategies aiming at improving motor function in stroke patients has only been demonstrated on a general level, and that occupational therapy and physiotherapy improve motor function, although the operative components within the entire rehabilitation process are not yet identified. Basic neurological research suggests that repetitive motor activity forms the basis of motor learning and recovery. Even after a short period of simple motor training motocortical rearrangements occur that reflect kinematic aspects of the practiced movement. Frequent movement repetition utilizes the enormous plastic potential of the brain and appears to induce post-lesional rearrangements within its motor centers. The repetitive voluntary activation of functionally important muscle groups of the arm and hand is appropriate to improve their motor capacity significantly. Some authors also suggest that a statistically significant improvement of motor function in proximal and distal parts of the affected arm could be documented during the phase of the repetitive training of complex movements (grasping, lifting and moving a cup from one point to another). The same holds for the precision of movement and joint coordination. Such training also had a positive effect on the grip strength. In summary, the authors suggest that repetitive execution of complex movements is appropriate to support motor recovery in stroke patients and to accelerate its time course.
A major problem in the rehabilitation is posed by the currently largely still non-patient-specific methods used for the diagnosis and therapy of neuromuscular disorders. On the other hand, there is evidence that machine-delivered therapies can be effective in progressing the treatment [4] . The technology has advanced to a state where robots can be considered [5, 6] . Robotic devices are capable of reaction times far in advance of any human, which opens up the breadth of possible treatments. For people with upper-limb paralysis it is possible to consider therapies where intelligent assistance from a robot is able to provide varying degrees of compensatory movements for the affected limb. There are indications that where the patient is motivated, premeditates their movement and the therapy is intensive, the recovery is more effective. Intelligent robotic devices allow a broad scope to investigate these conditions. Furthermore, sensing that already exists within the robot can be used to provide comprehensive information about the underlying pathology.
Several groups have proposed robots to assist in the physiotherapy and rehabilitation of both the lower and upper limbs [7 -9] . Devices provide a varying degree of assistance to patient's movements, ranging from no assistance to full assistance where the patient behaves passively. New control methodologies have been introduced that allow the machine to comply with forces exerted by the patient, which enables new possibilities for rehabilitation and also guarantees safety for the patient [10 -12] . While many of the necessary technologies are in place to produce robot-based rehabilitation devices with the right characteristics for rehabilitation, there is a major need to integrate these and identify the optimum modalities of exercise from the point of view of motor training. Within traditional therapy there is considerable controversy surrounding the most appropriate method of therapy and there are still insufficient data to identify clearly the benefits of these different approaches. When designing a robotic system, it is clearly important to consider the state-of-the-art of traditional therapy and develop a system that can be adapted to fit in with different approaches. The therapy should motivate the subject for the rehabilitation by activating their motor system and providing stimulus for their sensory inputs [13 -15] .
Based on conclusions in Woldag's review article [2] the robot-based rehabilitation device should enable frequent exercise of voluntary complex arm movements, which are repeated as long as necessary. A high frequency of exercises is relatively easy to achieve, since the robot does not suffer from tiredness. The programable nature of the robotic device also allows highly repeatable movements. The complexity of arm movements supported by the robot mostly depends on the robot kinematic structure (number and form of its degrees of freedom and the size of its segments). On the other hand, in order for the machine to comply with the voluntary activity of the patient, the device control system needs to be adequately designed. The robot behavior can be characterized in a number of ways. On the one hand, the robot, can be position controlled, and is, thus, stiff and unsusceptible to patient's voluntary activity; on the other hand, it can be compliant, thus responding to the patient's efforts. In general a rehabilitation device has to exhibit a large variety of behaviors to support a variety of patients from completely paralyzed ones to those having good voluntary control of their muscles. In order to guide patient's movements according to the task requirements, virtual constraints are usually implemented in the form of virtual tunnels [16] . A tunnel constrains the movement of the limb to the vicinity of a predefined trajectory, thus forcing the subject to follow a trajectory, that is not their own. In this paper a new control approach is proposed, which allows patients more freedom in selecting the movement trajectory, while at the same time the robot still provides the necessary support for the patients who suffer from almost complete paralysis. The control paradigm works as though the patient's hand is being towed through the environment. The patient is able to veer away from the virtual tow device within the constraints of the virtual towrope length.
Minimal intervention principle-based controller for rehabilitation robots
The complexity of upper limbs resulting from a large number of functional degrees of freedom, which enable enviable dexterity and functionality, requires advanced and relatively specific methods and devices for rehabilitation. A main issue when designing a controller for robotic rehabilitation devices is understanding how the many biomechanical degrees of freedom are coordinated to achieve a common goal. A human arm is a highly redundant mechanism. The optimal strategy in the face of uncertainty is to allow variability in redundant (task-irrelevant) dimensions.
The strategy should not enforce a desired trajectory, but rather use feedback more intelligently, correcting only those deviations that interfere with task goals. Todorov and Jordan [17] noted that whenever the task allows redundant solutions, movement duration exceeds the shortest sensorimotor delay and either the initial state of the plant is uncertain or the consequences of the control signals are uncertain, optimal performance is achieved by a feedback control law that resolves redundancy moment-by-moment using all available information to choose the best action under the circumstances. By postponing decisions regarding movement details until the last possible moment, such a control law takes advantage of the opportunities for more successful task completion that are constantly created by unpredictable fluctuations away from the average trajectory.
In a wide range of tasks, variability is not eliminated, but instead is allowed to accumulate in task-irrelevant (redundant) dimensions. The explanation of this phenomenon follows from an intuitive property of optimal feedback control that is called the minimal intervention principle: deviations from the average trajectory are corrected only when they interfere with task performance. If this principle holds and noise perturbs the system in all directions, the interplay of noise and control process will cause larger variability in task irrelevant directions. If certain deviations are not corrected, then certain dimensions of the control space are not being used. An optimal feedback controller has nothing to gain from correcting task-irrelevant dimensions, because its only concern is task performance and, by definition, such deviations do not interfere with the performance.
When considering a reaching movement, the optimal trajectory is a straight line between the initial and the target points with the minimum jerk movement profile [18] . Therefore, a rehabilitation robot might be programmed to enforce this straight line movement to the patient. However, for a patient the movement trajectory may not be as relevant as reaching the target. In this regard, the robot controller should not correct deviations from the straight line trajectory, but instead support the movement in the direction of the target.
METHODS

Direct kinematic model of the human arm
The kinematic chain of our interest, defined by the mechanics of the semiexoskeleton robot ARMin (see Section 2.3 for details), contains four joint variables in the current configuration and will be extended to six with the new prototype, i.e., three for describing the shoulder ball-and-socket joint (ϑ 1 , ϑ 2 , ϑ 3 ), ϑ 4 for the elbow flexion/extension, ϑ 5 for the forearm pronation/supination and ϑ 6 for wrist flexion/extension (Fig. 1) . Due to the simplified model of the human arm without the wrist ulnar/radial deviation, the kinematic chain is not redundant when considering the pose (position and orientation) of the hand. However, when only position is controlled, there is redundancy in the kinematic chain that needs to be properly addressed in the controller. A simple physical interpretation of the redundant degree of freedom is based on the observation that if the wrist is held fixed, the elbow is still free to swivel about a circular arc whose normal vector is parallel to the straight line connecting the shoulder and the wrist.
Control algorithm
In order to maximize the motor learning effect resulting from cortical reorganizations it is important to design a controller that guarantees balanced user involvement and increases the patient's motivation by supporting the patient's movements only as much as necessary. The implementation of a patient-cooperative control strategy requires real-time estimation of the patient's voluntary activity.
Robot support for reaching movements.
There exists strong evidence that when moving the hand from one point in space to another healthy subjects tend to follow a straight line trajectory, minimizing the movement jerk [18] , which is equal to minimizing the following cost function:
Some patients may lack muscle coordination and consequently they are not able to generate such optimal trajectories. However, they still might be able to produce sufficient voluntary motor effort in the direction of the target following their own trajectory, which might not be optimal in the sense of being similar to trajectories of healthy subjects. Therefore, a controller is proposed that supports the movement of the patient's hand toward the target without predefining the trajectory, thus allowing a patient to select or modify the movement trajectory. In general, patients should be encouraged to achieve optimal movement trajectories. By predefining the maximal time allowed to complete the movement, the patients are motivated to move along the shortest possible path, thus reducing the maximal velocity needed to complete the task in time.
The basic controller proposed in this section focuses on simple point-to-point reaching movements. The movements can be position based, where the orientation of the hand is not considered, or pose based, where both position and orientation of the hand are controlled. The strategy can easily be extended to other movements, where the movement trajectory is not predefined. For more complex movements a set of intermediate reaching points (via points) can be prescribed. Between the via points the patient would still be allowed to execute his preferred trajectory. In this way it would be possible to avoid obstacles or accomplish pick-and-place tasks.
Based on the starting and the target postures, first the optimal time course trajectory is computed. The optimality is defined in terms of jerk minimization as described in (1) . The result is a time-based trajectory, which only provides information on the optimal distance to the target at a certain time and not the actual reference posture in a three-dimensional (3-D) space.
First, the variable position distance to the target is defined (see Fig. 2 for details), which indicates the distance between the hand position p h (t k ) and the target position, p t :
Next, a local coordinate frame is defined with the ψ z -axis pointing from the current hand position in the direction of the target:
The ψ z (t k )-axis defines the main direction of the robot supporting force. The ψ x (t k )-and ψ y (t k )-axes can be selected arbitrarily. Therefore, the following definitions are used:
The orientation matrix of the instantaneous local coordinate frame (t k ) with respect to the reference frame is then:
Similar to the variable position distance to the target the variable orientation distance to the target is introduced, which indicates the shortest rotation angle between the current hand orientation and the target orientation. First, an instantaneous axis of rotation is computed. The rotation about this axis is the shortest rotation between the current and the target hand orientation. The instantaneous axis of rotation is denominated as ϕ z (t k ) and can be obtained using the orientation matrices of the target, R t , and the hand, R h (t k ). The relations are shown in Fig. 2 . An orientation error matrix is first computed as:
The orientation distance to the target can be calculated as:
where trace(R e (t k )) is the sum of the diagonal elements of R e (t k ). The rotation axis is then:
where r ij are elements of the matrix R e (t k ). The ϕ x (t k )-and ϕ y (t k )-axes that together with the ϕ z (t k )-axis constitute a local coordinate frame can be selected arbitrarily. Therefore, the following definitions are used:
The orientation matrix of the instantaneous local coordinate frame with respect to the reference frame is then:
Orientation matrices for the instantaneous coordinate frames (t k ) and (t k ) are combined into a single transformation matrix:
Matrix ϒ(t k ) allows transformations of vectors between the reference coordinate frame and the coordinate frames (t k ) and (t k ). Next, vectors of the hand distance to the target and the hand velocity are defined. Since the shortest distances to the target are defined along ψ z (t k ) and around ϕ z (t k ), the values for distances in x and y directions are set to zero:
where 0 1×2 = [ 0 0], and v h and ω h are the hand linear and angular velocities expressed in the reference coordinate frame. The superscript ϒ indicates that the vectors are expressed in the instantaneous local coordinate frames. Solving the optimization problem (1) gives a minimum jerk trajectory for the movement between the initial and final pose in the form of a fifth-order polynomial (see Ref.
[18] for details):
ϒẋ
where t 0 and t f are initial and final time, respectively, and τ is the dimensionless
The same optimal trajectory can also be computed using a feedback control law [19] . Namely, the trajectory specified by (13) describes how a system should move from rest to a target location in a desired time. It is like a feedforward controller that describes the desired behavior of a system without taking into account feedback during motion. Using the approach as defined in (13) does not address the problem of changing the target position or perturbing the limb during the movement. The feedback approach monitors both the posture of the target and posture (and its derivatives) of the hand to ensure that the current desired change in hand posture is always such that it brings the hand in a minimum jerk path to the target (see Ref. [19] for details):
The matrix Q is a two-column matrix, where the states in the first column define the relative distance from the hand starting position and its first and second derivatives, and the states in the second column define the relative distance from the hand starting orientation and its first and second derivatives. The actual movement of the patient's hand is then compared to the optimal trajectory and the robot support is computed based on the performance criterion presented next. The basic idea for the patient-cooperative control strategy is shown in Fig. 2 . The supporting force and torque on the hand are calculated based on the error between the reference distance to the target ϒ x r (t k ) and the actual distance to the target ϒ x(t k ). The movement perpendicular to the direction of the target is damped with the force proportional to the hand velocity. Graphical representation of the control strategy: starting from the initial posture at the point p i the subject has to reach the target posture at the point p t ; a reference distance to the target d r is calculated using the minimum jerk optimization; a hand distance to the target d h is compared to d r and the supporting force, which is directed toward the target, is calculated in order to bring the hand position within the sphere located at the point p t with a radius d r ; a similar control strategy is implemented to control the orientation of the hand.
The generalized force on the hand,
is then computed as:
where K x (t k ) and K dx are the controller stiffness and damping diagonal matrices, respectively. The matrices define the values of a 6-D virtual spring-damper system attached to the hand. Although in general K x (t k ) defines a 6-D stiffness, only two directions are relevant for the application-the direction of axis ψ z and around the axis ϕ z (t k ). The stiffness in these two directions defines how much the hand pose is allowed to deviate from the reference pose. The damping part defines the viscosity of the virtual medium through which the hand is moving (by increasing the values of K dx the viscous friction on the hand increases as if, for example, the hand would be moving in water instead of air). The robot support is only active when the hand distance to the target is larger then the optimal distance to the target. The force on the hand expressed in the reference coordinate frame is then:
The supporting force and torque provided by the robot are adaptive in terms of the impedance matrix K x (t k ). Its value is updated in a feedback loop based on the error between the reference distance to the target ϒ x r (t k ) and the actual hand distance to the target ϒ x(t k ). A simple proportional controller with diagonal gain matrix K 0 is used to adapt K x (t k ) when the error is larger then ε. A decrease of the controller stiffness is introduced through a parameter 0 < η p 1 in order to reduce active support if the patient performs well:
where diag(·) is a diagonal matrix composed of the elements of vector ·. Figure 3 shows the force field resulting from the proposed control strategy: only the position of the hand is considered. The field is derived for a single case where the patient is able to move the hand with the optimal velocity (as computed in (13)) and only the direction of the movement varies. Therefore, no supporting force is provided if the movement is completed along the line connecting the initial and target positions.
Adaptive arm weight compensation.
The control strategy proposed in (15) supports the movement of the hand toward the target posture. At the same time it allows the subject to choose their preferred movement trajectory. The drawback of the proposed controller is that if the patient is not fit enough to support the weight of the arm, which is often the case, the movement trajectory would be shaped by the influence of gravity. Movements would generally not be directed toward the target, but the arm would first tend to move downward due to its weight. To solve this issue an adaptive gravity compensation algorithm is proposed that controls the arm weight based on the patient's performance. The weight of the robot is inherently compensated within the robot controller itself (as will be shown later).
The gravity compensation needs to be active during the entire therapy session. This means that it has to be active for reaching movements as well as when the patient is free to position his arm anywhere in space. The gravity compensation control signal is split into feedforward and feedback parts:
The feedforward part is always active. Its contribution adapts based on the signal from the feedback controller, which is, on the other hand, only activated during the controlled movements (i.e., when the trajectory or target pose is specified). Namely, in order to calculate the feedback contribution there is a need for a reference signal, which is obtained from the optimal trajectory for reaching tasks. The optimal vertical position of the hand, p r z (t k ), during the reaching movement:
is compared to the actual vertical position of the hand p h z (t k ) (subscript z indicates the vertical component of position). When the patient's hand position is lower than the optimal position, a supporting force is calculated opposing gravity in a similar way as if the patient's arm were suspended on ropes from the ceiling:
Parameters k p g and k v g are the stiffness and the damping values for the feedback controller of the gravity support. The feedforward compensation is then updated in a feedback loop based on the calculated F g fb and a simple proportional gain k g 0 . A decrease of the arm weight compensation is introduced through a parameter 0 < η g 1 in order to reduce the active support if the patient performs well, meaning F g fb (t k ) ≈ 0. The feedforward adaptation is formulated as:
Due to the redundant nature of the human arm it is not possible to support its weight only at a single point (i.e., wrist). Therefore, the calculated supporting force F g (t k ) is split into two components: one supporting the weight of the arm at the position Figure 4 . Schematic representation of the strategy for arm weight compensation and for controlling the arm redundancy when positioning the hand without considering its orientation. The arm weight is compensated in two points with forces F g e and F g w . The redundant degree of freedom is constrained using a force, F red , acting at the elbow joint, which generates a rotation around the axis passing through the shoulder and the wrist. In order not to move the hand an opposing force of the same magnitude is applied to the wrist.
of the elbow joint (see Fig. 4 ):
and the other supporting the arm at the position of the wrist:
The relative distribution of the compensatory force (λ e ≈ 0.7, λ w ≈ 0.3, λ e + λ w = 1) is estimated based on the anthropometric data for the upper extremity [20] . The proposed gravity compensation strategy dynamically relieves the subject of the arm overweight, the part of the arm weight that they are not able to support by themself.
Redundancy control.
During the reaching movements without a predefined hand orientation, the coupled robot/human arm kinematic chain is redundant. Namely, the same hand position can be achieved with an infinite number of solutions for the elbow position. However, not all arm postures are physiologically achievable or at least not equally comfortable. Therefore, a strategy for controlling the redundancy of the arm was implemented that guarantees a comfortable posture of the upper arm.
A physical interpretation of the redundant degree of freedom is based on the observation that if the wrist is held fixed, the elbow is still free to swivel about a circular arc whose normal vector is parallel to the straight line connecting the shoulder and the wrist. Relations are shown in Fig. 4 . In order to constrain the redundant degree of freedom, a torque τ red is applied around the axis passing through the shoulder and the wrist. The equivalent of τ red can be obtained by applying a force:
at the elbow parallel to the elbow joint axis (ρ(t k ) is the instantaneous radius of the circular swivel arc) and applying the opposite force at the wrist. The torque τ red (t k ) should be calculated in a way as to bring the arm to the most comfortable posture if there are no secondary tasks defined, e.g. obstacle avoidance. However, there exists only scarce evidence about the actual strategy that healthy subjects apply to control arm redundancy. Therefore, a simple yet efficient solution is proposed here. The empirical analysis indicates that by controlling the angle between the elbow joint axis and the horizontal plane at about π/3, a comfortable arm posture is achieved. An impedance controller with very soft stiffness settings is used to allow relatively large deviations from the reference value. This particular solution for redundancy control is not general, but can easily be replaced with a more suitable one if necessary. In therapy sessions with patients it turned out that subjects usually do not notice the difference (in a large part of the arm workspace) if the shoulder internal/external rotation is completely locked. Therefore, it is expected that the proposed strategy, which results in a comfortable posture and a soft control, would be suitable for most of the tasks. Figure 5 shows the coupling between the highlevel task controller with the virtual environment, the low-level joint space robot controller, and the controlled plant consisting of the robot and the human arm. The task-level controller, which includes the physical model of the virtual environment, the arm weight compensation and, if necessary, the redundancy control, is impedance based. The robot low-level control is admittance based. Forces computed at the task level, F e , are transformed into the desired robot joint torques, τ e . These are compared to the actual interaction torques between the robot and the human arm, τ hs , and the difference is fed to the joint space admittance filters, j Y c . The outputs of j Y c are desired joint space velocities, which together with their integrals (desired joint space positions) constitute reference values for the local proportional-integral (PI) controllers, j D (note that PI feedback of velocity is equivalent to proportionalderivative feedback of position). The robot dynamics is compensated within the local controller with jẐ rq . Next, the impedance, Z cl , felt by the user when coupled to the robot and operating in the virtual environment with the overall impedance Z e = F e /v h will be estimated. From relations in Fig. 5 the following equation can be derived: where J is the robot Jacobian matrix. j Z r and Z r denote robot impedance expressed in the joint space and in the Cartesian coordinates, respectively (hat over Z r indicates the model used for the compensation of robot dynamics), and are related through:
Overall control system.
In order to estimate the closed-loop impedance Z cl , which is defined by the ratio of the force exerted on the human arm, F h , and the velocity of the human arm v h , we suppose without loss of generality the desired task velocity to be zero,
Torque τ c can then be determined as:
where:
is a Cartesian space expression of robot joint space controller transfer functions and:
is a Cartesian space expression of robot controller joint space admittance transfer functions.
With a simple algebraic manipulation of (25) and (27) it is possible to estimate the closed loop impedance Z cl felt by the user as:
where I is an identity matrix. By increasing the gains of the local PI controllers, j D → ∞, the closed loop impedance simplifies to:
With high admittance of the robot controller Y c , the closed-loop impedance Z cl approaches the desired task impedance Z e .
Experimental setup
ARMin, a semi-exoskeleton robot with four active degrees of freedom (three for the shoulder and one for the elbow actuation), was used for the experimental validation of the controller. Since the number of degrees of freedom is less than six, the control of hand orientation could not be experimentally validated (a new robot with 6 d.o.f. is being constructed). The robot is fixed via an aluminum frame at the wall with the patient sitting beneath (see Fig. 6 ). A vertically oriented linear motion module performs vertical shoulder rotation (flexion/extension and abduction/adduction) movements. Horizontal shoulder rotation (horizontal flexion/extension and horizontal abduction/adduction) is realized by a backlash free and back-drivable harmonic drive module attached to the slide of the linear motion module. The interconnection module connects the horizontal shoulder rotation drive with the upper arm rotary module via two hinge bearings. Internal/external shoulder rotation is achieved by a special custom-made upper arm rotary module that is connected to the upper arm via an orthotic shell. Elbow flexion/extension is realized by a harmonic drive rotary module. More details about the kinematics and mechanics of the shoulder and elbow degrees of freedom can be found in Refs [21, 22] . Figure 6 shows a healthy subject using the ARMin robot. The patient's torso is fixated to the wheelchair with straps and bands. The patient's arm is coupled to the robot via two orthotic shells: one for the upper and one for the lower arm. The fixations are characterized by an exoskeleton structure. The exoskeletal part of the robot moves the shoulder internal/external rotation, the elbow and the wrist, whereas the other two shoulder joint axes are actuated by an end-effector-based part connecting the upper arm with the wall-mounted axes. . ARMin prototype with four active degrees of freedom that support shoulder and elbow joint movements and a healthy subject sitting in its wheelchair and looking onto the graphical display.
RESULTS
Simulation results
The performance of the proposed control system was first validated in a simulation study using a complete dynamic model of the ARMin robot with the human arm coupled to it. The control task was to bring the human hand from an initial to a final posture, thus controlling both position and orientation of the hand. The patient's voluntary activity was modeled as disturbance force and torque that perturb the movement from the optimal trajectory. Results of the simulation are presented in Fig. 7 . The first and third plot from the top present the 3-D optimal and simulated movement trajectories for position and orientation, respectively. Due to the perturbation acting perpendicular to the movement direction, the arm posture is displaced from the optimal trajectory. However, the controller does not compensate for the disturbance by bringing the hand posture back to the optimal trajectory. The task redundancy is used and the deviations that do not interfere directly with the task execution are not compensated. The first and third plot from the top clearly indicate the minimal intervention principle operation of the controller, i.e., the position and orientation errors are not corrected to make the hand follow the optimal trajectory. Instead, a completely new trajectory is chosen that brings the hand posture with the minimum effort directly to the target, continuing from the displaced position and orientation. In this way the subject is allowed to modify the hand trajectory constantly during the movement and the controller does not interfere unless these trajectory modifications interfere with the objective (i.e., hand movement is directed away from the target). The second and fourth plot from the top show the optimal and the real distance to the target. It can be observed that although the perturbation displaces the hand posture from the optimal trajectory, the actual distance to the target closely follows the optimal distance to the target. This indicates that, due to the deviation from the shortest distance path, the movement velocity increases at least for part of the trajectory, thus penalizing such movement. In case the patient performance is better than the one predefined by the optimal trajectory, the patient Figure 7 . Results of the simulation study of the proposed control strategy based on the minimal intervention principle for the perturbed movement toward the target: position (top two plots) and orientation (bottom two plots). The first and third plot from the top present the optimal and the perturbed movement trajectories for position and orientation in 3-D space. The second and fourth plot from the top show the envelopes of disturbances, which act perpendicular to the movement direction, (dashed line, the amplitude is indicated with a number below the maximum value of the perturbation) and optimal as well as actual distance to the target. Thin grey lines indicate optimal minimum jerk trajectories. Black lines present the simulated movement trajectories.
is allowed to complete the movement in a shorter time. The controller does not interfere with such movement regardless of the chosen trajectory.
Experimental results
The proposed controller was implemented in a virtual reality scenario presented Figure 8 . A virtual reality scenario for which the proposed control strategy was implemented: the task requires reaching for the ball on the grid and then moving along the grid lines toward the second ball; the bars on the left show active arm weight compensation as calculated in (21), stiffness value for the robot support as calculated in (17) and current force acting on the hand.
in Fig. 8 . Only the positional part of the controller was implemented since the current robot prototype only has four active degrees of freedom. The scenario consists of three distinct movement modes. In the first mode the subject is allowed to move their arm freely in space without any robot interventions. The weight of the arm is partially compensated and the redundancy control is active. The weight compensation is adaptive and the support level is adjusted during the reaching task as defined in (21) . The reaching task is the second movement mode. The goal in this mode is to reach for a ball on the grid as shown in Fig. 8 . During this task the controller supports the movement with a force calculated in (15) . Once the subject reaches the ball, the hand movement is constrained to the grid. The controller switches to the third operation mode where the task consists of moving along the grid lines to reach for the other ball. An additional object can be shown on the grid chasing the subject's hand, and in this way making the game more dynamic and motivating. An impedance controller is used to constrain the movement of the hand to the grid. The arm weight compensation and redundancy control are active during this task. The movement along the grid results in distinct movements in the vertical and horizontal directions, thus decoupling the complex shoulder movement in simpler ones. The three movement modes enable resting in a comfortable position (the first mode), training of reaching movements with active robot support that also allows assessment of the patient's performance (the second mode) and a game scenario for training coordinated movements, as well as assessment of performance (the third mode).
Results from the experimental validation of the control strategy for reaching movements for two different subject behaviors-active (top two plots) and passive (bottom two)-are shown in Figs 9 and 10. Active behavior indicates that the subject tries to voluntary accomplish the proposed task. On the other hand, the robot moves the subject's arm when the subject behaves passively. All passive movements were done without visual feedback so that the subject did not know the target position and, therefore, could not voluntarily contribute to the movement. Healthy Figure 9 . Hand position and distance to the target from the experimental evaluation: the top two and bottom two plots are related to active and passive subject behavior, respectively; during the active behavior the subject modifies the hand movement trajectory (as shown on the top plot) compared to the optimal trajectory (grey line); the actual distance to the target can decrease faster then the optimal distance due to the voluntary activity (second plot from the top); during the passive behavior the hand follows the optimal trajectory more closely since there is no voluntary input from the subject (third plot from the top); the actual distance to the target is always a small distance behind the optimal distance due to the proportional nature of the controller used for calculating the supportive force (bottom plot). subjects and one stroke patient took part in the experimental sessions. To emphasize the difference between the active and passive subject behavior the presented results are for the healthy subject, i.e., it was very difficult for the stroke patient to perform the active voluntary movement due to the muscle weakness. In Fig. 9 , optimal and actual positions of the hand (first and third plot from the top) and optimal and actual distances to the target (second and fourth plot from the top) are presented. Figure 10 . Supporting force (expressed in the local frame , thus z-axis pointing toward the target) and arm weight compensation from the experimental evaluation: the top two and bottom two plots are related to active and passive subject behavior, respectively; during the passive behavior there is only a force in the z direction (third plot from the top), while during the active behavior, forces in x and y directions damp the movement perpendicular to the movement toward the target (top plot); step changes at the end of the movement are the result of switching from reaching mode to the mode where the movement is constrained to the grid; during the active behavior the arm weight compensation is in general lower (second plot from the top) than during the passive behavior (bottom plot).
For the passive behavior the subject's arm is moved by the robot with no voluntary intervention from the subject. Therefore, the actual trajectory is close to the optimal trajectory and the actual distance to the target is always larger than the optimal distance due to the proportional-derivative nature of the controller for calculating the supporting force. During the active behavior the user can explore the space around the optimal trajectory without being constrained by the robot. He can also move faster than the optimal velocity. If necessary, the controller guides the hand to the target position at the end of the movement. Figure 10 shows forces generated by the robot to support the movement. For the passive behavior there is a clear force in the direction of the target, F z , and forces in perpendicular directions are close to zero. On the other hand, during the active behavior there is a force in the direction of the target when the subject moves the hand more slowly then defined by the optimal trajectory and there are forces in perpendicular directions to damp the movement that is not directed toward the target. The active arm weight compensation is in general larger for passive than for active behavior. For the measurements presented here the parameters for adaptation of weight compensation were selected such as to allow noticeable changes within a single reaching movement.
DISCUSSION
To implement patient-cooperative control for a rehabilitation robot, a novel strategy that uses the minimal intervention principle was proposed. The proposed controller is not stiff in the sense that it imposes a trajectory for the patient's movement. The task is only specified as a final posture that the patient needs to reach. Compared to the trajectory-based control approach the proposed controller enables the subject to choose their preferred trajectory for accomplishing the task. The patient can in this way exploit the preserved neural control of the upper limb muscles. The target posture together with the initial posture is first used to compute an optimal time-based trajectory, which is later compared to the hand distance to the target to determine the support necessary to accomplish the task. The controller allows more freedom in choosing the movement path compared to the frequently used strategy in rehabilitation robots-the virtual tunnel approach-where a movement path is specified and an impedance controller is implemented around the path to allow deviations from the prescribed trajectory [16] .
Due to the fact that gravity strongly influences the movement of the upper limbs, an adaptive gravity compensation control system was implemented. This allows automatic detection of the patient's performance and sets an appropriate weight compensation level for the arm to allow the patient to comfortably accomplish the reaching task. The same weight support system is used also for other tasks that do not necessarily use the proposed minimal intervention principle control strategy.
The controller was designed in a way to adapt to active, as well as passive patient behavior. This means that, the control approach can be used for rehabilitation of completely paralyzed extremities, on the one hand, and almost completely functional limbs, on the other hand. Due to its adaptive nature, the control system does not need any adjustments for different patients. Of course this is not completely true for the robot itself, which needs some minor segment length adjustments in order to adapt to the patient's size. However, the changes are only limited to upper and lower arm segment lengths and the height of the robot. The entire adjustment procedure takes only about 1 min. Figure 11 . Controller with a continuous trajectory (for simplicity only the position part is shown): the target posture is not specified at the end of the trajectory, but it is rather moving along the trajectory with a velocity v t at time t k ; the reference posture movement, which is following the target posture at an adaptable distance d r , is governed by the minimum jerk strategy; the distance d r is adapted based on the task requirements (i.e., the curvature of the path); the shorter d r distance allows less freedom for the subject to choose his own path. Posture of the hand is always controlled within a sphere with radius d r around the target point.
The drawback of the proposed implementation of the minimal intervention principle controller is the difficulty in coordinating the position and orientation of the hand during the movement itself. A discrete solution to this problem can be an introduction of via points that present intermediate targets. However, in this case, a smoothing of the force needs to be introduced in order to avoid step changes in the direction of the supporting force when switching from one to the other via point. On the other hand, these issues can be solved using a continuous solution as presented in Fig. 11 .
In this case a movement trajectory is predefined (i.e., with a limited number of via points and a spline interpolation between them). Since the trajectory is specified in a continuous way, this makes it possible to coordinate position and orientation of the hand during the movement (i.e., when performing a complex task like moving a glass of water for drinking). However, the level of freedom that the patient has in planning their own trajectory can easily be adjusted. Compared to the basic control strategy presented in Fig. 2 , where the target posture is predefined and constant, in the extended controller the target moves along a predefined trajectory. Its movement can be characterized by any simple principle not necessarily obeying the minimum jerk strategy. A simple strategy could be that the target posture moves along the complete trajectory in a predefined time slot to provide a time constraint for the patient's movement. Then a reference posture as in Fig. 2 is specified, which follows the target posture along the trajectory. However, the movement of the reference posture is governed by the minimum jerk strategy as defined in (14) . Since both target and reference posture are moving in this case, it is possible to adapt the distance between them and in this way give the subject more or less freedom in planning his movement. Namely, based on the proposed control strategy (15) , the patient's movement would be constrained to the predefined trajectory if the reference posture would exactly correspond to the target posture. In this case the patient could only move freely in a sphere with a radius zero around the target point.
By increasing the distance between the reference and the target posture, the patient would get more freedom in choosing their own trajectory within the sphere specified by the radius defined by the distance between the reference and the target posture. The strategy for adapting the distance between the two postures could be as simple as observing the curvature of the predefined trajectory and decreasing the distance when the radius of the curvature is small. In this way it would force the subject to follow the curve more precisely in the case of changes in the movement direction and leave more freedom for the patient on straight path segments. The distance between the reference and the target postures could also be adjusted based on the task specifications, i.e., by assessing the distance to possible obstacles (with smaller distance to an obstacle, the distance between the reference and the target postures would decrease) or by the importance of the coordinated position and orientation of the hand (when moving a glass filled with water). In all cases movement of the reference point is governed by the minimum jerk strategy, thus also constraining the movement of the patient's hand to a quasi-minimum jerk trajectory.
CONCLUSIONS
A novel paradigm for a patient-cooperative control strategy was proposed and evaluated. The strategy allows the patient to enforce their own movement trajectory for reaching movements, while the robot only supports their effort in order to complete the task. This is enabled by using the minimal intervention principle that exploits the redundancies in task execution. The patient's actions are not corrected unless they directly interfere with task specifications. The resulting movements are in general not optimal in terms of path lengths. However, the optimality can be observed on the level of jerk minimization. The optimization of path lengths is left to the patient through movement repetition. Some patients might never achieve optimal trajectories due to the lack of muscle coordination. However, they might still be able to reach the target using their own movement sequence with an adequate robot support and this is what the goal of the proposed control strategy is.
